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Summary
 Amazon droughts, including the 2015–2016 El Ni~no, may reduce forest net primary pro-
ductivity and increase canopy tree mortality, thereby altering both the short- and the long-
term net forest carbon balance. Given the broad extent of drought impacts, inventory plots or
eddy flux towers may not capture regional variability in forest response to drought.
 We used multi-temporal airborne Lidar data and field measurements of coarse woody
debris to estimate patterns of canopy turnover and associated carbon losses in intact and frag-
mented forests in the central Brazilian Amazon between 2013–2014 and 2014–2016.
 Average annualized canopy turnover rates increased by 65% during the drought period in
both intact and fragmented forests. The average size and height of turnover events was simi-
lar for both time intervals, in contrast to expectations that the 2015–2016 El Ni~no drought
would disproportionally affect large trees. Lidar–biomass relationships between canopy
turnover and field measurements of coarse woody debris were modest (R2 0.3), given simi-
lar coarse woody debris production and Lidar-derived changes in canopy volume from single
tree and multiple branch fall events.
 Our findings suggest that El Ni~no conditions accelerated canopy turnover in central Amazon
forests, increasing coarse woody debris production by 62% to 1.22Mg C ha1 yr1 in
drought years .
Introduction
Tropical rainforests play an important role in the global carbon
cycle by sequestering atmospheric CO2 in woody biomass (Le
Quere et al., 2016). The Amazon is the largest remaining intact
tropical forest in the world, and Amazon forests therefore have a
strong influence on the magnitude and interannual variability in
the global terrestrial carbon sink (Gatti et al., 2014; Brienen
et al., 2015). The net carbon balance of the Amazon also reflects
emissions from growing human pressure in the form of deforesta-
tion, degradation and fragmentation (Aguiar et al., 2012; Longo
et al., 2016; Brinck et al., 2017; van der Werf et al., 2017). In
recent years, natural disturbances associated with severe droughts
and widespread forest fires initiated by humans have turned the
Amazon from a net carbon sink into a net carbon source (Phillips
et al., 2009; Lewis et al., 2011; Gatti et al., 2014; Feldpausch
et al., 2016). However, large uncertainties remain regarding the
magnitude of carbon fluxes in tropical forests (Pan et al., 2011)
and the underlying spatial distribution of carbon stocks across
the landscape (e.g. Avitabile et al., 2016; Longo et al., 2016).
An improved understanding of the processes of forest distur-
bance and recovery is critical to constrain estimates of current
and future carbon cycling in Amazon forests, including the size
and frequency of turnover events (Lloyd et al., 2009). Forest
inventory plots can estimate tree mortality with great precision
(Phillips et al., 2009; Brienen et al., 2015; Feldpausch et al.,
2016), but plots sample a very small proportion of the Amazon
and may not capture landscape-scale processes. At the other
extreme, satellite observations can monitor large forested regions
(Chambers et al., 2013; Hansen et al., 2013), but moderate reso-
lution (30 m) data retain little sensitivity to small-scale changes
in the forest canopy from branch and tree fall events (e.g. Marvin
& Asner, 2016). Airborne Lidar data can bridge the scale gap
between field-based measurements and satellite observations by
collecting three-dimensional information on forest structure over
large areas (Asner et al., 2013; Espırito-Santo et al., 2014; Hunter
et al., 2015). Repeat Lidar measurements of the same forest areas
provide unprecedented detail regarding changes in the forest
canopy over time (Kellner et al., 2009; Andersen et al., 2014;
Hunter et al., 2015; Rejou-Mechain et al., 2015; Marvin &
Asner, 2016), leading to a better understanding of the processes
governing canopy turnover and the associated carbon fluxes.
However, Lidar data may not provide definitive evidence for the
mechanisms that contribute to carbon loss from canopy turnover,
including branch fall, tree fall and multiple tree fall disturbances.
A combination of field measurements and repeat Lidar data may
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therefore advance our mechanistic understanding of canopy
turnover and carbon cycling in Amazon forests beyond the use of
Lidar data alone (e.g., Marvin & Asner, 2016).
Drought impacts on Amazon forest structure depend on the
severity and duration of rainfall deficits. In the short term, soil
water deficits trigger an increase in stomatal closure and leaf
abscission (Brando et al., 2007, 2014), thereby reducing net pri-
mary productivity during drought conditions (Feldpausch et al.,
2016; but see Doughty et al., 2015). With increasing drought
severity, both empirical and experimental studies indicate a posi-
tive relationship between drought severity and mortality rates in
Amazon forests (Nepstad et al., 2007; Phillips et al., 2009, 2010;
da Costa et al., 2010). The timing of mortality responses to
drought is uncertain, however. During the 1997–1998 El Ni~no
drought, Williamson et al. (2000) observed a 71% increase in
mortality, but this increase was restricted to the drought year
(1997). Other long-term plot data also show a single-year
increase in mortality from droughts across the southern Amazon
in 2007 (Brando et al., 2014) and 2010 (Doughty et al., 2015).
By contrast, experimental studies suggest a delay between
drought and tree mortality, especially for large trees, with a peak
in mortality following 3 yr of experimental throughfall exclusion
(Nepstad et al., 2007; da Costa et al., 2010). In these circum-
stances, tissue damage from hydraulic failure may weaken but
not immediately kill canopy trees (Rowland et al., 2015).
Drought responses are also species-specific; trees with lower water
use efficiency are particularly prone to drought-induced mortality
(e.g. Phillips et al., 2009; Feldpausch et al., 2016), a trait com-
mon to pioneer species found in greater abundance in canopy
gaps, edges, and secondary or degraded forests.
Branch losses may also contribute to long-term changes in
forest structure and productivity following drought conditions,
but previous studies provide few constraints on the spatial and
temporal variability in branch loss (Palace et al., 2008). Coarse
woody debris (CWD) from branch and tree falls increased fol-
lowing drought in the central Brazilian Amazon (Rice et al.,
2004; Brando et al., 2007), yet plots in the Bolivian Amazon
showed no increase in branch loss following the 2010 drought
(Doughty et al., 2015). In part, these differences may reflect
underlying regional patterns of branch loss, as documented
across the western Amazon by Marvin & Asner (2016) in the
absence of drought conditions. Pulses of drought-induced mor-
tality and branch loss have pronounced impacts on neighbour-
ing trees, with both physical impacts from collateral damage
and physiological implications based on the reduction in com-
petition for light and water among surviving individuals (da
Costa et al., 2018). Repeat airborne Lidar data offer the poten-
tial to advance our understanding of regional-scale patterns of
canopy tree and branch turnover during drought periods.
In this study, we characterized canopy turnover during average
and drought years in the central Brazilian Amazon using a time
series of high-density, small-footprint airborne Lidar data. Lidar
data from 2013, 2014 and 2016 captured turnover dynamics
before and immediately following the 2015–2016 El Ni~no
drought across intact and fragmented forests near Santarem, Para.
Field surveys of tree mortality and CWD within canopy turnover
events were conducted shortly after the third Lidar collection in
2016 to quantify carbon losses associated with canopy turnover
from branch fall, tree fall and collateral damage to understory
vegetation. Combined, Lidar and field data provided estimates of
the spatial and temporal variability in canopy turnover and asso-
ciated carbon fluxes from the above-ground biomass to coarse
woody debris pools. Our study specifically addressed the follow-
ing four questions: (1) How do canopy turnover rates compare
between intact and fragmented forests? (2) What are the contri-
butions from branch fall, tree fall and multiple tree-fall events to
total canopy turnover? (3) Do average turnover rates in Amazon
forests increase during drought events? (4) What are the carbon
consequences, measured as CWD, of canopy turnover in Amazon
forests? These analyses offer a critical look at the individual tree
and landscape-scale responses to drought conditions identified by
rainfall exclusion experiments (Nepstad et al., 2007; da Costa
et al., 2010; Rowland et al., 2015) and inventory plots (e.g.
Phillips et al., 2010; Feldpausch et al., 2016).
Materials and Methods
Precipitation data
Satellite and meteorological station data suggest that 2015 and
2016 were the driest years since 2001 for the Tapajos National
Forest (TNF) region near Santarem, Para (Fig. 1, Supporting
Information Fig. S1). Based on data from NASA’s Tropical Rain-
fall Measurement Mission (TRMM, monthly 0.25° data product
TMPA/3B43, v.7), mean annual precipitation for the TNF
region was 2054 mm yr1 during 2001–2016 (TRMM, 2011).
Estimated precipitation was average or above average in 2013
(2342 mm) and 2014 (2000 mm), whereas total precipitation
was below average in both 2015 (1533 mm) and 2016
(1862 mm). Maximum cumulative water deficit (MCWD;
Arag~ao et al., 2007) peaked in 2015 (431 mm) compared to
the average annual MCWD for 2001–2016 (233 mm). Station
data from Brazil’s National Meteorological Institute (Instituto
Nacional de Meteorologia, INMET) station 25 km north of the
TNF in Belterra, Para (2.63°, 54.95°), provide a similar esti-
mate for the MCWD in 2015 (478 mm, Fig. S1).
Airborne Lidar data
Lidar data were collected over intact and fragmented forests in
the central Brazilian Amazon near the city of Santarem, Para (see
Fig. 1). Data were acquired along two 50 km parallel transects
(200 m width, 995 ha area) in September 2013 (t1), June 2014
(t2) and March 2016 (t3). The time intervals between Lidar col-
lections were 0.75 yr (t1–t2) and 1.83 yr (t2–t3). The ST1 tran-
sect covered a section of intact old-growth terra firme forest
within the TNF. The ST2 transect paralleled the ST1 transect on
the opposite side of the BR-163 highway and covered a range of
different land cover types. Analysis of ST2 data was restricted to
12 forest fragments, ranging in size from 23.5 to 80 ha (Table 1).
Lidar data were collected with very high average return densities:
9.2–10.8 points per m2 (ppm2) in 2013, 39.6–59.9 ppm2 in
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2014 and 29.3–33.9 ppm2 in 2016. Higher point densities in the
second and third Lidar collections provided robust estimates of
canopy changes based on the increased likelihood of detecting
residual canopy material in turnover areas. Data in the first two
surveys were collected with an Optech ALTM Orion laser scan-
ner at 853 m average flight altitude, 11° field of view and 65%
flight line overlap. The third survey used an Optech ALTM 3100
laser scanner at 650 m average flight altitude, 15° field of view
and 70% flight line overlap. Lidar data in this study are available
online from the Sustainable Landscapes Brazil Project (https://
www.paisagenslidar.cnptia.embrapa.br/webgis/).
Lidar return data from the three collections were merged to
generate a single digital terrain model (DTM) to normalize esti-
mated heights of vegetation returns from t1, t2 and t3 data
(Hunter et al., 2013). Ground returns were classified using a pro-
gressive morphological filter (Zhang et al., 2003). Delaunay tri-
angulation was used to create a Triangulated Irregular Network
(TIN) of ground hits, and DTM elevations on a 1 m raster grid
were linearly interpolated from the TIN surface (Cook et al.,
2013). Canopy height models (CHMs) at 0.5 m spatial resolu-
tion were then generated separately for t1, t2 and t3 following
Cook et al. (2013) by interpolating canopy height values from a
0.5 m TIN surface created from the greatest return height in
every 0.5 m grid cell. Canopy turnover events were identified
based on contiguous clusters (≥ 4 m2) with ≥ 3 m height losses
between Lidar collections (Fig. 2). Turnover events were analyzed
based on the projected area (m2) and change in canopy volume
(m3) between 0.5 m CHM layers for each data collection, with
annualized estimates of the number and area of turnover events
in each study region (ha1 yr1) based on the time interval
between Lidar collections.
Lidar data from both transects were subdivided to investigate
latitudinal gradients in canopy turnover. The ST1 transect over
intact forests was divided into five subsections (ST1a, b, c, d and
e) to evaluate north–south gradients in forest structure and
topography (Table 1). On the opposite side of the highway, land
cover types within the ST2 transect were evaluated based on con-
temporary Landsat 8 surface reflectance imagery (Path 227 Row
062, Date 2016-June-30, Source: USGS Earth Explorer, http://
earthexplorer.usgs.gov/) as well as Lidar return distributions and
canopy height information. We identified 12 fragments of con-
tiguous forest area with Lidar-derived canopy cover ≥ 10%, mean
canopy height ≥ 20 m and forest patch width ≥ 20 m (see Fig. 1).
Forest fragments were labeled from north to south as FR01 to
FR12, and individual fragments ranged in size from 23.5 to
80.0 ha (562 ha total area, see Table 1).
Fig. 1 Study area in the central Brazilian
Amazon near Santarem, Para, with repeat
Lidar collections over intact (ST1, yellow) and
fragmented (ST2, blue) forest areas. Lidar
data were acquired for transects of
50 km9 0.2 km in 2013, 2014 and 2016,
and field measurements of coarse woody
debris in canopy turnover areas were
conducted in 2016 within a 20 ha subset of
ST1 (red outline). The underlying Landsat 8
imagery (30 June 2016) depicts closed-
canopy Amazon forests in green and
deforested areas for agricultural uses in light
green and blue.
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Coarse woody debris measurements
Ground-based measurements of CWD were collected in July
2016 within a 20 ha area of the ST1 airborne Lidar coverage in
the TNF (see Fig. 1). The objective of the field survey was to
map and measure downed trees and branches in canopy turnover
events that were identified using the 2014 and 2016 Lidar canopy
height models (Fig. 2). A high-precision Trimble Geo7X GPS
rover with external antenna was used to navigate to the ground
location of 78 different canopy turnover areas. Within each area,
the location and size of all downed trees (diameter at breast
height (DBH), height) and branches (in segments; diameter at
both ends (≥ 1 cm), segment length) were measured and the
turnover event was classified according to the nature of the distur-
bance (branch, tree, multiple tree fall), physical mechanism of
turnover (uprooted, snapped, broken) and the decay class of the
wood (1–5 from least decayed to most decayed, following Keller
et al., 2004). Measurements within each turnover area were used
to estimate carbon losses associated with branch fall, tree fall and
multiple tree fall events and to evaluate predictive relationships
between canopy turnover and carbon losses using Lidar metrics.
Additionally, whole-tree measurements of CWD (n = 18) from
tree fall and multiple tree fall turnover areas were compared to
existing allometric equations for above-ground biomass (AGB) in
tropical forest trees (see Table S1).
The total mass of downed woody material in each field-
measured turnover area was estimated using field measurements
of CWD (Table S2). Branch mass was calculated using the vol-
ume equation of a truncated cone (assuming circular cross-
sections) and a site-level average wood density established for the
TNF (0.64 g cm3, Hunter et al., 2013). Tree mass was calcu-
lated using Chave’s Model I moist forest allometry, which is
based on tree DBH, total tree height and wood density (Chave
et al., 2005). For each of the 78 turnover areas, we calculated the
total amount of CWD measured within the turnover area and
compared field-based estimates of biomass change with different
Lidar-derived metrics of canopy changes between 2014 and
2016, including the projected area of canopy turnover events and
the change in canopy volume between 2014 and 2016 CHM lay-
ers at 0.5 m resolution. For comparison, we also estimated
biomass change using a Lidar–biomass model developed using
mean top of canopy height (TCH) at 0.25 ha resolution (Longo
et al., 2016). Simulations considered biomass changes using only
height losses from canopy turnover (Marvin & Asner, 2016) and
both losses and gains in canopy height between 2014 and 2016
for 0.25 ha grid cells with CWD measurements for > 75% of
canopy turnover area (n = 13).
Relationships between field measurements of CWD and Lidar
metrics were used to estimate total carbon losses from canopy
turnover in the ST1 transect under two scenarios. In the first, all
canopy turnover was considered branch fall to provide a conser-
vative estimate of carbon losses using the relationship between
canopy volume change (m3) and CWD production from single
branch fall events. In a second scenario, we used the distribution
of Lidar-derived changes in canopy volume from field-measured
turnover events to separate branch fall (≤ 100 m3), single tree fallTa
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or multiple branch fall (100–500 m3), and multiple tree fall
events (≥ 500 m3). Intermediate-sized changes were randomly
assigned with equal probability to either single tree fall or multi-
ple branch fall categories to estimate carbon losses.
Results
Forest structure
Parallel Lidar transects in this study captured similar variability
in terrain elevation and forest characteristics inside and outside
the TNF (Table 1). Terrain elevation varied between 50 and
250 m asl and slope followed a north–south gradient, with more
steeply sloped terrain in the southern sections (13.4° mean slope,
STd-e and FR09-12) than northern portions of the transects
(5.2° mean slope, STa-c and FR01-08). The distribution of
canopy heights along the ST1 transect was consistent among seg-
ments, with little variation in mean canopy heights. On average,
ST2 fragments were shorter than intact forests (24.5 m vs
27.8 m). Canopy height distributions were similar for intact ST1
segments and most forest fragments in ST2, with tall, closed-
canopy profiles (see Table 1). Four of the ST2 fragments (FR01,
05, 06 and 12) had more open canopy profiles, with skewed
canopy height distributions that may indicate a history of distur-
bance from selective logging or understory fires before the initial
Lidar collection in 2013 (Longo et al., 2016).
Turnover dynamics
The area of canopy turnover was 65% higher, on average, in the
second interval for both intact and fragmented forests. Annual-
ized rates of canopy turnover for intact forest segments increased
from 1.68–1.89% yr1 (mean 1.79% yr1) in 2013–2014 to
2.51–3.49% yr1 (mean 3.01% yr1) between 2014–2016
(Table 1). All five ST1 segments had higher turnover in 2014–
2016, with greatest increases in ST1c (107.4%) and ST1b
(81.2%). The range of annualized turnover during each interval
was larger for forest fragments of ST2, but turnover rates also
increased between the first (1.36–3.06% yr1, mean 1.98%
yr1) and second time intervals (2.17–4.70% yr1, mean 3.12%
yr1). Individual forest fragments in the ST2 transect had more
variable increases in canopy turnover between 2013–2014 and
2014–2016; turnover more than doubled in FR01 and FR02,
nearly doubled in FR03 and FR05, while turnover rates in
FR09 increased only slightly (4.9%) and turnover in FR12 was
0.8% lower in the second interval (Table 1).
Increases in turnover between 2013–2014 and 2014–2016
showed a strong north–south gradient (Fig. 3a). Terrain slope
contributed to the observed north–south gradient in canopy
turnover (Fig. 3b), with larger increases observed in the flatter,
northern areas of the study and smaller increases in the southern
sections of each transect with more variable terrain. However,
broad patterns of terrain variability were not preserved at the scale
of individual turnover events; the distributions of terrain slope
within areas of canopy turnover were consistent between time
intervals, with no evidence that canopy turnover from branch or
tree fall events was more likely on steeper slopes in either time
interval.
The average number of turnover events increased between
time periods, but the mean size of canopy changes was similar
for both intervals (Table 1). The density of canopy turnover
events increased from 6.3 to 10.0 events ha1 yr1 in intact
forest segments of ST1 and from 7.6 to 10.9 events ha1 yr1
in fragmented forest areas along ST2. The average size of
turnover events remained relatively constant in the intact forest
segments (28.5 m2 in t1–t2 vs 28.7 m2 in t2–t3) and increased
slightly in the forest fragments (from 26.6 m2 in t1–t2 to
28.7 m2 in t2–t3).
(a) (b) (c)
Fig. 2 An 8 ha subset of the ST1 transect showing canopy turnover events (green outlines) between 2014 (a) and 2016 (b) 0.5 m resolution Lidar canopy
height models (CHMs). (c) Turnover events mapped in the field are shaded purple, and blue dots indicate stem locations for tree fall and multiple tree fall
turnover events, including both canopy and understory trees.
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Canopy turnover events were classified into different size cate-
gories based on break points in field measurements (Table 2;
Fig. 4). Across both intact and fragmented forests, c. 75% of
turnover events were small (< 25 m2), c. 20% were intermediate
(25–100 m2) and c. 5% were large (> 100 m2). Large turnover
events accounted for the largest fraction of the total turnover area
(40%), with smaller contributions from intermediate (32%) and
small (28%) turnover events. Differences in the observed propor-
tions between time intervals were small (< 2.7%). Examining all
study areas, no clear pattern emerged in the size distributions of
turnover events between 2013–2014 and 2014–2016.
Similarly, there was no consistent evidence that taller trees con-
tributed a greater proportion of canopy turnover during the
interval (2014–2016) that included the strong El Ni~no drought.
The distribution of initial maximum canopy heights within the
turnover events in the 2013–2014 and 2014–2016 intervals were
largely consistent (Fig. S2). Within the intact forest transect
(Fig. S2a), only subsections ST1a and ST1d showed a positive
shift in the initial maximum height distributions (Kolmogorov–
Smirnov test, P < 0.001 in both segments). Among the forest
fragments (Fig. S2b), only FR02 and FR09 showed a statistically
significant increase in initial maximum height distributions
(Kolmogorov–Smirnov test, P < 0.018 in both fragments).
Coarse woody debris (CWD)
CWD was measured in 78 canopy turnover events within the
ST1 Lidar transect in 2016 (see Fig. 1). In the field, canopy
turnover was classified as single branch fall (n = 20), multiple
branch fall (n = 14), single tree fall (n = 16) and multiple tree fall
(n = 28). Based on the area of canopy turnover estimated from
repeat Lidar, single branch falls were the smallest in size (11.3 m2
on average) and multiple tree falls were the largest (101.1 m2 on
average), whereas multiple branch falls and single tree falls had
(a) (b)
Fig. 3 Increases in annualized canopy turnover rates between 2013–2014 and 2014–2016 varied by latitude (a) and terrain slope (b) across intact (red) and
fragmented forests (blue).
Table 2 Summary of canopy turnover events from repeat Lidar measurements and field surveys of coarse woody debris
Canopy turnover
events Count
Canopy
height (m) Δ Area (m2) Δ Volume (m3) Δ Biomass (kg)
2014
mean
2016
mean Min Max Mean SD Min Max Mean SD Min Max Mean SD
Branch fall – single 20 34.7 25.6 4.0 21.3 11.3 4.5 25.4 346.5 110.7 79.3 2.9 432.6 58.8 91.1
Branch fall –multiple 14 33.6 24.4 4.0 108.8 23.6 26.5 15.2 1808.0 270.5 434.4 8.1 1347.2 261.9 384.6
Tree fall – single 16 25.0 13.3 5.25 47.8 16.0 12.0 51.2 638.4 194.2 186.4 43.4 1048.2 312.7 301.8
Tree fall –multiple 28 27.7 16.0 7.0 370.3 101.1 102.8 66.8 6171.2 1397.1 1676.1 40.3 12938.6 2014.8 2905.5
All events 78 30.0 19.4 46.7 74.5 618.3 1171.4 849.5 1945.2
Turnover events were classified as branch fall, multiple branch fall, tree fall and multiple tree fall based on field surveys. Changes in canopy area and
canopy volume were derived from differences between the 2014 and 2016 Lidar surveys; biomass change by turnover event class was estimated using
field measurements.
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overlapping distributions of Lidar-derived turnover size and
changes in canopy volume (Table 2). Accordingly, the amount of
CWD measured in locations of single branch falls was the small-
est (mean 59 kg), and multiple tree fall events represented the
largest amount biomass change from canopy trees and collateral
damage to understory vegetation (mean 2015 kg CWD). The
two intermediate classes corresponding to multiple branch falls
or single tree falls generated similar amounts of CWD despite
different underlying turnover mechanisms. Changes in canopy
area and volume were actually larger for multiple branch fall than
for single tree fall events, on average, despite lower mean biomass
losses (Table 2).
CWD measurements for whole trees within turnover events
(n = 18) complement existing destructive harvest studies of trop-
ical forest allometry. Whole tree measurements of CWD were
compared to existing allometries for tropical forest trees from
Chave et al. (2005) and Feldpausch et al. (2012), using site-
specific parameters for tree height and wood density from Hun-
ter et al. (2013) (Tables S1, S2). On average, tree stems con-
tained 67.2% of woody biomass, with a mean of 32.8% of
woody biomass held in the crown. This 2 : 1 ratio is similar to
previous measurements in the central Amazon (Higuchi et al.,
1998). Although most trees had a larger proportion of their
mass in the stem than in the crown, only a few individuals con-
formed to the 2 : 1 average ratio (Table S2). Two individuals
had much heavier crowns than stems (70% vs 30%, respec-
tively), and an additional five trees had crowns and stems of
comparable mass. The range of stem : crown biomass ratio high-
lights the potential for branch loss to decrease AGB of canopy
trees before tree death.
Fig. 4 Total canopy turnover increased between 2013–2014 and 2014–2016, but the proportions of canopy turnover events (upper panel) and total
turnover area (lower panel) by size class in intact (ST1a–e) and fragmented (FR01–12) forest areas were consistent between 2013–2014 (left bar) and
2014–2016 (right bar).
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Estimates of AGB from tropical tree allometries were very sen-
sitive to height estimates. In general, allometric equations using
existing diameter–height relationships overestimated the field-
measured tree biomass as CWD (Table S1), with only four trees
where the modeled AGB estimate was lower than field measure-
ments of CWD (Fig. S3). Incorporating a local calibration of the
diameter–height relationship (Hunter et al., 2013) into the allo-
metric equations resulted in lower root mean square error values
and a higher R2 between measured (CWD) and modeled AGB
(see Table S1), but using field measurements of tree height in the
allometric models resulted in the smallest mean relative error
with both the Chave et al. (2005) (14.9%) and the Feldpausch
et al. (2012) allometries (12.1%).
CWD from canopy turnover
Changes in canopy height, area and volume were weakly corre-
lated with total carbon losses from branch fall, tree fall and multi-
ple tree fall events. The modest relationships between biomass
and canopy volume changes reflected the wide range of canopy
expressions for branch and tree fall events in tall, multi-layered
Amazon forests (Fig. 5). Separating Lidar–biomass relationships
by mechanism provided further evidence for the complexity of
CWD production from canopy and understory vegetation from
different turnover classes (Fig. 5b–e). In all four categories of
canopy turnover, the largest field-measured CWD from canopy
turnover generated small changes in canopy volume from repeat
Lidar acquisitions (Fig. 5b–e). In addition, the slope of the
relationships between field-measured CWD and Lidar-based esti-
mates of canopy volume change varied by more than a factor of 2
between CWD production from single branch (0.388, R2 = 0.24)
and single tree fall events (0.402, R2 = 0.19) and multiple branch
(0.903, R2 = 0.31) and multiple tree fall events (0.882,
R2 = 0.30). In all cases, the slope ( SE) differed from the rela-
tionship between Lidar-derived canopy volume and biomass at
0.25 ha resolution using the model developed for TCH from
Longo et al. (2016).
Estimated CWD production in the ST1 transect increased
proportionally to canopy turnover between 2014–2016 and
2013–2014 (Fig. 6). Assuming all turnover events were a result
of branch fall (see Fig. 5e) generated a conservative estimate of a
63% increase in annualized CWD production from 0.38 to
0.61Mg C ha1 yr1. Using turnover size to assign events to
branch, treefall and multiple tree fall classes increased the esti-
mated CWD production during the drought period by 62%,
from 0.76Mg C ha1 yr1 in 2013–2014 to 1.22 Mg
C ha1 yr1 in 2014–2016. Importantly, large turnover events
classified as single or multiple tree falls accounted for 81.7% and
80.3% of estimated carbon losses from canopy turnover in
2013–2014 and 2014–2016, respectively.
The relationship between field measurements and Lidar-
derived estimates of biomass change between 2014 and 2016 was
also variable at 0.25 ha resolution (Fig. 7). The Marvin & Asner
(2016) approach using only canopy height losses to quantify
biomass change overestimated CWD production from field mea-
surements in all but one 0.25 ha grid cell (Fig. 7a). By contrast,
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Fig. 5 Lidar–biomass relationships within canopy turnover events varied by turnover class. Dotted lines indicate the regression relationship between the
Lidar-based change in canopy volume (m3) and field-measured biomass change, and the standard error of the regression slope is indicated with grey
shading. The grey dashed line shows the average Lidar canopy volume–biomass relationship at 0.25 ha resolution for the ST1a transect following Longo
et al. (2016).
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the net difference in estimated AGB using both gains and losses
in canopy height between 2014 and 2016 was closer to the 1 : 1
line, particularly for 0.25 ha cells with larger field-based losses,
whereas small CWD losses measured in the field were offset by
net gains in canopy height between 2014 and 2016 (Fig. 7b).
Differences at both the scale of individual turnover events and
0.25 ha resolution underline the challenge of estimating small
changes in canopy and understory forest carbon stocks using
multi-date Lidar.
Discussion
Repeat, high-density airborne Lidar data provide a unique
canopy perspective on the response of Amazon forests to drought.
In the central Brazilian Amazon, intact and fragmented forests
responded similarly to interannual variability in climate condi-
tions, with comparable increases in canopy turnover during the
2015–2016 El Ni~no drought period in both intact (+70.1%) and
fragmented forests (+57.2%). Overall, estimated CWD from
canopy turnover increased by 62% during the drought period,
averaging 1.22Mg C ha1 yr1 in 2014–2016. The observed
increases in canopy turnover and associated carbon losses are con-
sistent with reports of elevated tree mortality during Amazon
droughts from forest inventory plots (e.g. Williamson et al.,
2000; Phillips et al., 2009; Brienen et al., 2015; Feldpausch et al.,
2016), yet the canopy perspective and regional sampling possible
with airborne Lidar expand our understanding of forest dynamics
beyond the plot scale. Branch fall events were ubiquitous across
all forests in both study periods, but sub-lethal canopy changes
accounted for only c. 30% of canopy turnover area and c. 20% of
estimated CWD production from canopy and understory trees.
These results differ from a previous report of greater turnover
area and carbon losses from ‘upper canopy gaps’ associated with
branch fall compared with ‘full canopy gaps’ from tree fall events
in the Colombian and Peruvian Amazon (Marvin & Asner,
Fig. 6 Annualized carbon losses from canopy turnover in intact forests
areas of ST1 during 2013–2014 and 2014–2016. Turnover areas were
classified based on Lidar-derived changes in canopy volume, and coarse
woody debris (CWD) production from branch and tree fall events was
estimated using relationships between Lidar-derived changes in canopy
volume and CWDmeasurements (see Fig. 5). The standard error of the
regression slope was used to propagate uncertainty associated with carbon
loss as CWD from individual turnover events.
0 1 2 3 4 5 6
−
6
−
4
−
2
0
2
4
CWD loss (kg m−2)
AG
B
ch
an
ge
(kg
m
−
2 )
1:1
Loss only
0 1 2 3 4 5 6
−
6
−
4
−
2
0
2
4
CWD loss (kg m−2)
AG
B
ch
an
ge
(kg
m
−
2 )
1:1
Loss & gain
Fig. 7 Estimated changes in above-ground biomass (AGB) from field measurements of canopy turnover between 2014 and 2016 and modeled biomass
change from Lidar data at 0.25 ha resolution. The analysis was restricted to 0.25 ha grid cells with > 75% of turnover area measured in the field (n = 13,
mean = 88%). AGB in 2014 and 2016 was estimated using the biomass model developed by Longo et al. (2016) based on top-of-canopy height. The left
panel uses only canopy height losses within turnover areas (following Marvin & Asner, 2016), while the right panel includes both canopy height losses and
gains between the 2014 and 2016 Lidar acquisitions to estimate changes in AGB. CWD, coarse woody debris.
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2016). Even over shorter length scales (≤ 50 km), repeat Lidar
surveys captured landscape-scale dynamics in forest turnover,
including a strong north–south gradient in the relative increase in
canopy turnover during the drought interval. Underlying drivers
of variability in Amazon forest dynamics remain an important
area for further study, including regional gradients in forest struc-
ture (Simard et al., 2011), composition (Fauset et al., 2015; Feld-
pausch et al., 2016), and drought frequency and severity (e.g.
Phillips et al., 2009; Lewis et al., 2011).
Mechanisms of canopy turnover
Canopy turnover results in this study differed from findings in
simulated drought experiments. Previous studies reported an
increase in mortality of large trees following multiple years of
partial throughfall exclusion (Nepstad et al., 2007; da Costa
et al., 2010; Rowland et al., 2015). By contrast, increased
turnover in 2014–2016 relative to 2013–2014 came from all size
classes, not only from large tree fall or multiple tree fall events,
and the distributions of tree heights and turnover sizes were simi-
lar in both time periods. Lidar-based assessments of canopy
turnover were therefore more similar to plot studies showing
short-term increases in mortality rates across a range of size classes
(Williamson et al., 2000; Doughty et al., 2015). Additional Lidar
surveys of the region would be needed to assess whether delayed
drought-induced tree mortality amplifies the short-term (< 1 yr)
response to drought conditions captured by Lidar and field sur-
veys in this study.
Regional gradients of canopy turnover were weakly correlated
with topographic variability, but no clear pattern emerged regard-
ing the influence of topographic position on individual canopy
turnover locations seen in other Neotropical forests (Uriarte
et al., 2016). The latitudinal gradient in canopy turnover may
therefore reflect a combination of factors, including local variabil-
ity in rainfall, as rainfall deficits are a strong predictor of
drought-induced tree mortality (Phillips et al., 2010), or other
factors that alter the impact of similar rainfall deficits such as soils
and species composition (e.g. Feldpausch et al., 2016).
Branch losses and collateral damage from canopy turnover
alter the proportional distribution of AGB in tree crowns and
stems for damaged and adjacent canopy and understory trees.
Mean values of the proportion of biomass in tree crowns in our
study were similar to previous reports (Higuchi et al., 1998), yet
individuals varied widely in the distribution of AGB in crown vs
stem. Efforts to derive individual tree allometry information
directly from Lidar data, including tree height and crown dimen-
sions from airborne Lidar (e.g. Hunter et al., 2013; Jucker et al.,
2017) and tree volumes from nondestructive ground sampling
using terrestrial laser scanning (e.g. Calders et al., 2015), could
rapidly expand existing tropical tree databases to improve allo-
metric models, estimates of above-ground carbon stocks, and the
representation of tropical forests in ecosystem models.
The estimated increase in CWD production during drought
periods in this study points to the need for a more explicit repre-
sentation of drought-induced tree mortality and sub-lethal
turnover in ecosystem models. Currently, few models
mechanistically represent processes that cause drought-driven
mortality (van der Molen et al., 2011; Allen et al., 2015;
Anderegg et al., 2016), or simulate changes in forest structure
and composition in response to drier climates (but see Longo,
2014; Levine et al., 2016). To our knowledge, no model repre-
sents sub-lethal turnover from branch loss during droughts.
Models generally assume that trees follow allometric relation-
ships, with no loss of woody biomass until death. This represen-
tation of tropical forest carbon cycling may either underestimate
CWD and associated carbon losses from heterotrophic respira-
tion (e.g. Palace et al., 2008) or overestimate tree mortality if
models are parameterized with field measurements of CWD but
only whole tree mortality contributes to modeled CWD stocks.
Additional work to clarify interannual differences in the rates of
branch sloughing (Palace et al., 2008) and modes of tree death
(Adams et al., 2017), including hydraulic failure (Rowland et al.,
2015), carbon starvation (Doughty et al., 2015) and windthrow
(e.g. Chambers et al., 2013), will aid the development of mecha-
nistic models of drought impacts on Amazon forests (Powell
et al., 2013; Longo, 2014; Xu et al., 2016). Ecosystem models
that can represent interannual variability in canopy turnover may
reveal important hysteresis in drought recovery (Keppel-Aleks
et al., 2014; Schwalm et al., 2017), as pulses of CWD, reductions
in leaf area, reorganization of canopy light environments (Mor-
ton et al., 2016; da Costa et al., 2018) and changes in rooting
profiles from canopy turnover may extend net carbon emissions
following drought periods.
Carbon losses from canopy turnover
The combination of field surveys and repeat Lidar data in this
study offers new constraints on the magnitude and variability in
CWD production from canopy turnover. Small canopy changes,
typical of branch fall events, were widespread (Marvin & Asner,
2016). Large, multiple tree fall events accounted for the largest
proportion of turnover area and estimated carbon losses, and
were easily distinguishable in multi-temporal high-resolution
Lidar data. Multiple branch fall or single tree fall events generated
similar changes in canopy area and volume in the Lidar data;
large differences in the proportions of the AGB in the stem and
crown (see Table S2) underscore the difficulty in estimating car-
bon losses from these intermediate-sized changes. However, all
smaller turnover classes combined (single branch, multiple
branch and single tree fall) accounted for only c. 20% of esti-
mated carbon losses from canopy turnover. These results contra-
dict previous reports of greater carbon loss from branch fall than
tree fall in the Colombian and Peruvian Amazon (Marvin &
Asner, 2016). In addition to regional variability in forest struc-
ture, composition, and disturbance processes, discrepancies in the
proportional contribution from branch fall to carbon losses in
this study and the western Amazon may partially result from
methodological differences. Lower point densities (2–4
pulses m2) and larger minimum turnover sizes (≥ 12 m2) in the
analysis by Marvin & Asner (2016), in combination with a
height-based classification of branch fall events, may have led to
an overestimation of branch turnover area.
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Small-area estimation has long been recognized as a challenge
for studies of forest carbon stocks using a combination of field
and Lidar data (e.g. Meyer et al., 2013; Asner & Mascaro,
2014; Mauya et al., 2015). Overall, changes in canopy volume
explained c. 30% of the variability in CWD estimated in the
field. Moving from the scale of individual turnover events to
total changes at 0.25 ha resolution partially balanced problems
of under- and over-estimation of CWD from individual
turnover events (see Fig. 7), similar to findings in previous
biomass change studies in tropical forests (Andersen et al., 2014;
Rejou-Mechain et al., 2015). However, increasing the spatial
scale does not fundamentally alter the underlying problem – dif-
ferent turnover mechanisms do not generate consistent changes
in canopy area, canopy volume and CWD. In particular, field
surveys in 2016 confirmed that the loss of large canopy trees
does not always generate a gap in tall, multi-layered Amazon
forests, even using gap definitions developed specifically for
Lidar data (e.g. Hunter et al., 2013; Espırito-Santo et al., 2014;
Marvin & Asner, 2016). Average height was > 10 m for all
classes (see Table 2), such that it would be difficult to reliably
separate branch and tree fall events using a height threshold
(Marvin & Asner, 2016).
Our results highlight that Lidar alone may not be sufficient to
constrain small changes in canopy and understory forest carbon
stocks, as field measurements provide complementary informa-
tion on the mechanisms and total carbon losses from canopy
turnover. In particular, differences in drought sensitivity may
alter carbon losses from canopy turnover during drought years, if
trees with lower wood density have higher mortality rates in
response to soil water deficits (Phillips et al., 2009; Feldpausch
et al., 2016). Mortality of smaller trees can also be more easily
tracked using inventory plots than airborne Lidar data. It is possi-
ble that more frequent Lidar surveys could improve the character-
ization of biomass loss from canopy turnover based on changes in
forest structure immediately following turnover events, rather
than the integrated signals of loss and regrowth over the 1–2 yr
sampling intervals in this study. Novel methods for routine mon-
itoring of canopy dynamics, including autonomous terrestrial
laser scanners (Eitel et al., 2016) or frequent flights with
unmanned aerial system platforms, may improve the spatial and
temporal sampling of canopy dynamics needed to directly esti-
mate carbon losses from remotely sensed estimates of forest struc-
ture. More frequent measurements would also aid efforts to
attribute pulses of canopy turnover to specific seasons or phe-
nomena, including potential interaction between drought and
wind events.
Conclusions
Airborne Lidar offers an efficient means to characterize Amazon
forest dynamics over large areas. Evidence for large interannual
variability in canopy turnover in Amazon forests, with ≥ 10
turnover events ha1 yr1 during the 2015–2016 El Ni~no
drought period, suggests that severe drought events alter both
short- and long-term regional carbon cycling via changes in
canopy structure and associated fluxes of CWD. By linking time
series of high-density airborne Lidar data with field measure-
ments of CWD, we clarified the mechanisms that contribute to
observed canopy turnover in drought years. Results from this
study reaffirm the importance of sub-lethal changes in canopy
structure in Amazon forests (Marvin & Asner, 2016), yet our
findings contradict the previous work by Marvin & Asner (2016)
that branch losses contribute a greater proportion of carbon losses
from canopy turnover than tree falls. Using high-resolution
repeat Lidar, we found that multiple tree fall events accounted
for the largest area of canopy change and > 80% of estimated car-
bon losses in both sampling intervals. Annualized estimates of
carbon losses from canopy turnover in both periods (0.76–
1.22Mg C ha1 yr1) were comparable to long-term estimates of
the net carbon sink in Amazon forests (Brienen et al., 2015), sug-
gesting that interannual variability in canopy turnover con-
tributes to changes in the net carbon balance of Amazon forests
during drought years (e.g. Gatti et al., 2014). Finally, our find-
ings also highlight the need to account for both drought-induced
mortality and branch losses in ecosystem models to capture time
delays in net carbon balance and forest productivity following
drought periods.
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Fig. S1 Estimated total annual precipitation and maximum
cumulative water deficit (MCWD; Arag~ao et al., 2007) from
satellite and meteorological station data capture the 2015–2016
El Ni~no drought.
Fig. S2 The distribution of maximum canopy heights within
turnover events was similar between the 2013–2014 and 2014–
2016 intervals.
Fig. S3 Relative error between observed tree mass (n = 18) and
estimated above-ground biomass from six different allometric
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Table S1 Whole tree measurements from coarse woody debris
surveys in 2016 were compared to predicted above-ground
biomass (AGB) using six allometric equations for tropical forest
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